Does digital financial inclusion benefit the low-wage workers and reduce 


inequality? Evidence from China General Social Survey 


Chenlu Hao (Corresponding Author)', Wenyi Lv”, & Leng Yu? 


Abstract 

This study attempts to re-analyze the relationship between digital financial inclusion and the 
wages of workers in China using the conditional quantile and quantile selection model. Focusing on 

low-wage workers, we find that after correcting for sample selection bias, the level of digital 
financial inclusion still significantly increases their wage income and reduces the rural-urban wage 

gap. Both effects diminish as the wage level rises to the median wage, and participation in off- 
farm work, financial investment and families’ investment diversification are the potential 
mechanisms. 
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1. Introduction 

According to the World Bank's Global Financial Inclusion Database (Demirgüç-Kunt & Klapper, 
2012), only 41% of adults in developing countries have an account, and the number is only 20- 
30% among the extremely poor. In this context, the original intent of financial inclusion was to 
increase the accessibility of financial services. Digital inclusive financial services have been proven 
to complement and improve the shortcomings of traditional financial services (Karlan et al., 2016). 
For example, M-PESA (the Large Mobile Payments and Digital Finance Platform for Africa) has 
enabled African households to better cope with shocks in Kenya (Mas, l., & Radcliffe, D., 2010). 

Studies of the relationship between financial services and income inequality have reached 
mixed conclusions. Financial development has been shown to promote equality in upper-middle- 
income countries, but to increase inequality in low- and high-income countries (Altunbaş, Y., & 
Thornton, J., 2019). However, Karlan et al. (2016) suggest that key market failures may impede the 
provision of traditional financial services, which may be worse for the poor. Therefore, digital 
financial inclusion may be a promising future for the poor to access and benefit from financial 
services. Digital financial inclusion has been shown to improve the incomes of people in both 
urban and rural areas in China (Si & Tang, 2022) and reduce the rural-urban wage gap (Yu & Wang, 
2021; Zhou & Feng, 2020; Deng & Zhang, 2022). However, few studies have examined the specific 
impact on low-wage groups. 

Therefore, we focus on China's low-wage workers to see whether digital financial inclusion 
really benefits the disadvantaged, and if so, whether this positive effect varies in magnitude 
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across different quantiles of low-wage workers. In addition to the absolute wage of the sample, we 
are also interested in the wage gap between urban and rural residents, as urban-rural inequality in 
China has always been one of the government's major concerns. In summary, in this paper we test 
whether digital financial inclusion achieves the primary goal of not only helping the poor but also 
reducing inequality, and whether these effects are consistent across low-wage workers of different 
wage levels, especially in a developing country. The hypotheses are: 

H1: Digital financial inclusion increases the wages of low-wage workers and reduces the 
urban-rural wage gap in all quantiles below the median wage. 

H2: Digital financial inclusion increases the wages of low-wage workers and reduces the 
urban-rural wage gap at all quantiles, and the effects are greater at the bottom of the wage 
distribution. 

In this paper, we define people with wages below the median wage as low-wage workers and 
make comparisons across different quantiles from q10 to q50 (Koenker & Bassett, 1978). We use 
data of the year 2013, 2015 and 2017 from the Chinese General Social Survey (CGSS), a 
comprehensive multi-cross-sectional data collection, and we match them with The Peking 
University Digital Financial Inclusion Index of China (PKU_DFIl). The latter is constructed using 
back-end transaction data from Alipay, the largest digital financial platform in China (Guo et al., 
2019). PKU_DFIl is described in Table A1. Figure 1 shows that the employment rate in rural and 
urban areas changes over time in the sample, and that are different in rural and urban cohorts 
classified by low/high DFI index. The employment rate in the rural high DFI group is lower than 
that in the rural low DFI group, suggesting that the level of digital financial inclusion may affect 
the participation decision and cause sample selection problem. 

The contributions of this article are twofold. First, previous studies on related topics have 
mainly focused on a broad but not specific low-wage sample. As China is a developing country 
with large income disparities, our empirical results show us the practical impact of the efforts of 
the government and businesses to develop digital financial inclusion. It also has positive 
implications for the development of financial inclusion policies in other developing countries. 
Second, we use a quantile selection model to eliminate sample selection bias and make our 
conclusions more robust. 


(Figure 1) 


2. Methodology 

While the sample selection problem has been considered in some of the previous studies on 
the wage gap (Guo et al., 20-21), we are more interested in whether the correction and the effects 
are consistent across different levels of the wage distribution, especially the lower quantiles, 
because the purpose of digital financial inclusion is to mainly help the disadvantaged. Thus, the 
quantile selection model is an appropriate method to address this issue. 

The quantile selection model is a model designed for selection correction, but unlike most 
other approaches, this model is more flexible and specifies the entire distribution of outcomes. The 
model was first developed by Arellano and Bonhomme (2017), who applied it to study the 
evolution of wage inequality in the UK and find that male wages at the bottom of the distribution 
are strongly affected by selection correction. We provide a brief introduction to this method and its 
application to our problem. 

We firstly consider the following sample selection model: 


[1)In W = y+ B, DFI, -1+ b2 DFL t1 x urban j+ Ps Xit Uj, 


(2) Di = 1 [PZ Vie} 


[3)In W=In Wif Dp=1 


ijt 


where In Wit denotes the natural logarithm of individual 7’s observed wage in year t and province 


j, and Wit in is the latent outcome (e.g., market wage). Under the realistic assumption, the 


behavioral change of participation in labor market takes time and that the level of digital financial 
inclusion is not able to change people’s reserved wage immediately through urbanization or 
financial threshold lowering in the same year, so we use the one-year lagged digital financial 
development index into equation (1), as well as the interaction term of DFI and the dummy 


variable for urban residents (urban = 1, rural = 0): DFI,,, X urban, From our model, we can 
deduce that £; represents the effect of DFI on the rural sample, while 6,+/, represents the effect 
on the urban sample and £, represents the effect on the rural-urban wage gap. Xin in equation (1) 
includes individual, family, and provincial characteristics. U; is the error term. For equation (2), 


Zit= (DFT, t-17 DFI; 1 X urbany,, Xj, Bie strictly includes the dependent and control variables 


y 


in (1) as well as a series of variables B that are exogeneous of (1). For equation (2), D it represents 
participation in the labor market. Dy=1 means participation and D;=0 means non-participation. 
(u, v) is jointly independent of Birt given the dependent and control variables in (1). 


P( Zi) = =Pr| (De 1| Zt)>9, which means the propensity score of labor market participation. The 


standard errors are clustered at the county level from which the sample is drown. 
Arellano and Bonhomme (2017) rule out the endogeneity by finding the cumulative 


distribution function of the bivariate distribution of (u,v) as C,({u, v) (i.e., the copula). They also 


create a three-step estimation to estimate the correct coefficients. Following this method, we 
have: 


|4|Pr|InW <q 


t, x||D=1, Z=z2|=Pr| ust|vsp\|z), Z=2| 


where G,(T, p(Z)) =C,(T, p(Z))/p(z). If u dependends on vy, then the location of the quantile t of 


the true wage we need, qT, xJ=xB, (assuming a linear function), is not at the quantile of t, but at 


G, T, plz), which is called the conditional copula and can be understood as a mapping from the 


observed wage to the true wage. G, is represented by a coefficient p, i.e., 


G,{ T, p(z) =G(T, p|z|;). The magnitude and sign of p directly reflect the correlation between u 


and v. To find the optimal B. one can use grid search to find @ (Muñoz, E. and Siravegna, M., 
2021). B, can be estimated by the following equation (5), which applies the conditional quantile 


estimation but replaces t with G,(T, p(Z)). 


—i=max(—a,0)i; 


where atm marla,0),4 i “ and G,,=G( pZ; ò| i): 


3. Empirical Results 

In addition to the DFI and its interaction term with the rural/urban dummy variable, we also 
include a set of control variables related to individual, family, and provincial characteristics. The 
descriptive statistics of main variables is listed in Table 1. 


(Table 1) 


Tables 2 and 3 report the results of various regressions. From Table 2, aggregate DFI has a 
significant positive effect on rural wages with a time fixed effect in column (1), but there's no 
significant association between ADFI and the rural-urban wage gap. We use the Heckman and IV- 
Heckman to rule out endogeneity problems in columns (2) and (3). Following previous studies, we 
use the spherical distance to Hangzhou city as an instrumental variable to rule out endogeneity 
due to potential missing variables, as fintech development in China has significant spatial 
agglomeration characteristics (Guo et al., 2017), and we find similar results to column (1). The 
results in Table 2 show that digital financial inclusion increases the wage income of the rural 
sample, but fails to reduce the rural-urban wage gap. 

Focusing on low-wage workers, Table 3 reports the results of the conditional quantile and 
quantile selection regressions. Several observations are noteworthy. First, the positivity of the QR 
and QSR coefficients in Table 3 are consistent with Table 2 with respect to ADFI, indicating that 
ADFI increases the wage of rural workers at most levels of wage income. Second, ADFI 
significantly reduces the rural-urban wage gap among low-wage workers, as the coefficients of 
ADFI x Urban are negative from the 10th to the 30th percentile. Third, the impact of ADFI on 
both rural wages and the rural-urban wage gap diminishes as income increases. This suggests that 
digital financial inclusion is more beneficial for lower-wage workers than higher-wage workers, 
including the increase in absolute income and the decrease in the rural-urban wage gap. Fourth, 
the sign of the copula parameter p is positive, indicating a negative bias in the observed wage. 
The uncorrected and corrected wages are plotted in Figure 2 and illustrate that the sample 
selection problem biased the wage downward. This means in general, workers who are offered 


lower wages in the labor market (smaller U,,) are more likely to participate (smaller V;,). We can 


infer from it that people with higher market skills who are offered higher wages also earn more 


outside the labor market and may have other sources of income instead of participating in the 
labor market. Fourth, the QR approach tends to overestimate the effect of DFI on rural wages 
compared to the results by QSR, but underestimates its effect on the rural-urban wage gap. 
According to Blundell et al (2003), we need a set of variables that are exogenous to wage income 
but directly affect the participation decision as instruments. The exogenous variables are reported 
in Table A3 and we apply the Kendall's tau test (Newson, 2002) to test the association between 
them and the participation decision. Among the other explanatory variables reported in Table A2, 
the square of age, health, education, and Internet use and other individual characteristics are 
shown to significantly increase the wage income, and more children in the family leads to lower 
individual wages. We also control for provincial economic and social indicators. 


(Table 2) 
(Table 3) 
(Figure 2) 
Figure 2. Corrected and uncorrected wage. 


We further examine the two sub-indexes: coverage breadth and usage depth (see Table Al for 
details). As in Table 4, coverage breadth plays a more significant role than usage depth on rural 
wages, but the latter performs better on reducing the rural-urban wage gap. This suggests that the 
government and enterprises should enable the disadvantaged to gain access to diversified 
financial services. 


(Table 4) 


4. Mechanism analysis 

Fintech development can improve the accessibility and affordability of financial services and 
has been shown to create additional jobs and increase incomes in non-agricultural sectors through 
the trickle-down effect (Zhang et al., 2020) and urbanization (Wang & Zan, 2023; Su et al., 2015). 
In addition, digital financial inclusion is also tested to reduce families’ extreme portfolio risk by 
increasing investment diversification (Lu et al., 2022; Lu et al., 2021). Therefore, we use the probit 
and OLS model to test whether aggregate ADFI works through three mediators: the first is 
participation in off-farm work among the rural sample (Appendix Eqs. (1)-(3)); the second is 
financial investment, including investment in securities, funds, futures, and other financial 
products; and the third is investment diversification of the individual family. From Table 5, we can 
see that ADFI can increase the probability of both participation in off-farm work and financial 
investment, and also increase the family's investment diversification, and rural residents are more 
likely to participate in investment activities and increase the family's investment diversification as 
ADFI increases. The mediation effects are significant for most quantiles. 


(Table 5) 


5. Robustness check 

We also perform a series of robustness checks. First, we replace the nominal wage in the 
baseline regression with the inflation-adjusted real wage in Table A4, and the results are similar. 
We also run the same regressions on data from the China Labor-force Dynamic Survey (CLDS) and 
the China Family Panel Studies (CFPS) and find that ADFI increases all quantiles from q10 to q50 in 


the rural sample and also significantly benefits low-wage workers from q30 to q50 in the urban 
sample (Table A5 & Table A6). In Table A7, we test the robustness using the survey question on 
Wechat using from CGSS 2017, as Wechat is also a widely used mobile payment platform in China. 
We find that Wechat using significantly increases the wages of the lowest income rural residents, 
and reduces the urban-rural wage gap in most quantiles. Moreover, both effects diminish as the 
wage level rises to the median wage, which is consistent with the ADFI results. 


6. Conclusion 

In this paper, we re-analyze the impact of digital financial inclusion on the wages of low-wage 
workers in China. We apply the conditional quantile and quantile selection approaches to compare 
the impact across quantiles, while eliminating the endogeneity caused by the sample selection 
problem. We find that digital financial inclusion significantly increases the absolute wage and 
reduces the rural-urban wage gap of low-wage workers in China. Mechanism analysis shows that 
increased participation in off-farm work, financial investment and families’ investment 
diversification are the potential pathways through which digital financial inclusion increases the 
wage. The implication is that digital financial inclusion helps the disadvantaged group, the low- 
wage workers in this paper, to earn more and reduce the rural-urban gap. 
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Appendix 


Section Al: 
This section contains all the tables not presented in the main article. 
Table Al. The construction of PKU-DFIlI 


Sub-index Indicators 


Number of Alipay accounts per 10,000 persons 


Extensive Alipay account Ratio of accounts with credit card linkage 


usage coverage Average number of linked debit and credit cards per 
Alipay account 


Intensive usage Frequency of payments per capita 
Payment Amount of payments per capita 


Ratio of high frequency users 


Number of Yu’e Bao purchases per capita 


Money funds Amount of Yu’e Bao purchases per capita 


Number of Alipay users purchasing Yu’e Bao per 10,000 


Lending Number of Internet consumer loans per 10,000 adult 
Alipay users 


Number of loans per capita 


Amount of loans per capita 


Number of accounts with micro enterprise credit per 
10,000 accounts 


Number of loans per micro entrepreneurs 


Amount of loans per micro entrepreneurs 


Number of accounts with insurance per 10,000 
accounts 


Insurance ; ae ; 
Number of insurance schemes participated per capita 


Amount of insurance per capita 


Number of accounts with investments per 10,000 
accounts 

Investment , ; 
Number of investments per capita 


Amount of investment per capita 


Number of calls per natural person credit 


Credit Number of users using credit-based services per 10,000 
Alipay users 


; Percentage of mobile payment transactions 
Mobile Payment 


Percentage of mobile payment amount 


Average loan interest rate for small and micro 


Interest rate entrepreneurs 
Digital service Average personal loan interest rate 
provision Percentage number of Huabei Payments 


Percentage amount of Huabei Payments 


Credibilit 
$ Percentage number of Sesame Credit free deposits 


Percentage amount of Sesame Credit free deposit 


; Percentage number of user QR code payments 
Convenience 
Percentage ammount of user QR code payments 


Table A2. The results of QR and QSR regression with control variables. 


Dependent QR QR QR QR QR QSR QSR QSR QSR QSR 
Variable q10 q20 q30 q40 q50 q10 q20 q30 q40 q50 
In(wage) 


Aggregate DFI 0.0122** 0.00968** 0.00605** 0.00380** 0.00224** 0.0121** 0.00752* 0.00325* 0.00153* 0.00062 


* * * * * * xk xk 2K 4 


(0.00073 (0.000711 (0.000354 (0.000324 (0.000407 (0.00182 (0.00086 (0.00065 (0.00048 (0.0003 


4) ) ) ) ) ) 7) 3) 9) 96) 
ADFI XUrban - - - - -0.000435 - - - - - 
0.00181* 0.00162** 0.00107** 0.000751* 0.00272* 0.00229* 0.000991 0.000510 0.00061 
eK * * xk eK eK * 1 


(0.00053 (0.000428 (0.000235 (0.000242 (0.000266 (0.00103 (0.00058 (0.00052 (0.00036 (0.0004 


5) ) ) ) ) ) 7) 0) 0) 04) 
Individual 
Characteristic 
s 
Rural -0.689*** -0.594*** -0.408*** -0.2660*** -0.148*** -0.756*** -0.597*** -0.269*** -0.135** -0.118** 

(0.103) (0.0752) (0.0425) (0.0434) (0.0467) (0.131) (0.0882) (0.0838) (0.0599) (0.0574) 

Age 0.0976** 0.0770*** 0.0533*** 0.0292*** 0.00872** 0.0244* 0.0201 0.0159 0.00476 - 

$ 0.00359 


(0.00771 (0.00594) (0.00526) (0.00440) (0.00421) (0.0140) (0.0133) (0.0105) (0.0104) (0.0080 
) 8) 

Square of Age - - - - - - - - -6.98e-05 2.66e- 
0.00119* 0.000946* 0.000660* 0.000365* 0.000131* 0.000336 0.000271 0.000206 05 


Gender 


Health 


Education 


Internet Use 


CPC Member 


Family 
Characteristic 
s 

Family Income 


(Ln) 


Children 


Number 


Provincial 
Characteristic 
s 

Provincial GDP 
per 10,000 
people 


Province CPI 


Number of Rural 
Subsistence 
Allowance 
Workers 
Number of 
Urban 


Subsistence 


xk 


(8.54e- 
05) 
0.470*** 
(0.0294) 
0.139*** 


(0.0112) 


0.0241** 
* 
(0.00354 


) 
0.187*** 


(0.0105) 


0.0175 
(0.0509) 


0.204*** 
(0.00884 


) 
-0.0116 


(0.0123) 


0.684*** 


(0.189) 
0.0582** 


* 


(0.0210) 


(0.395) 


5.374** 
(2.099) 


xk 


(6.82e-05) 


0.410*** 


(0.0239) 


0.114*** 


(0.0103) 


0.0173*** 


(0.00241) 


0.159*** 


(0.0105) 


-0.00375 
(0.0361) 


0.306*** 
(0.0148) 


-0.0207 


(0.0141) 


0.441*** 


(0.147) 
0.0685*** 


(0.0138) 


(0.455) 


4.783** 
(2.019) 


xk 


(5.88e-05) 


0.415*** 


(0.0157) 


0.0631*** 


(0.00866) 


0.0163*** 


(0.00230) 


0.0982*** 


(0.00728) 


-0.0136 
(0.0242) 


0.524*** 
(0.0176) 


-0.0284*** 


(0.00962) 


0.424*** 


(0.0685) 
0.0517*** 


(0.0112) 


(0.335) 


5.166*** 
(1.270) 


xk 


(4.73e-05) 


0.391*** 


(0.0159) 


0.0349*** 


(0.00835) 


0.0157*** 


(0.00199) 


0.0615*** 


(0.00587) 


-0.00178 
(0.0191) 


0.683*** 
(0.0129) 


-0.0292*** 


(0.00894) 


0.346*** 


(0.0896) 
0.0471*** 


(0.00896) 


(0.380) 


3.705*** 
(1.254) 


xk 


(4.57e-05) 


0.363*** 


(0.0133) 


0.0137** 


(0.00662) 


0.0121*** 


(0.00180) 


0.0377*** 


(0.00572) 


0.0147 
(0.0157) 


0.801*** 
(0.0110) 


-0.0269** 


(0.0105) 


0.256*** 


(0.0933) 
0.0382*** 


(0.00792) 


(0.316) 


3130" 
(0.920) 


xK 


(0.00016 
0) 
0.395*** 
(0.0202) 
0.109*** 


(0.0269) 


0.0217** 


(0.0110) 


0.174*** 


(0.0120) 


-0.0154 
(0.0369) 


0.223*** 
(0.00724 


) 
-0.0311** 


(0.0129) 


0.0684 


(0.487) 
0.0630** 


* 


(0.0218) 


-1.765 


(1.285) 


0.382 
(5.951) 


* 


(0.00015 
4) 
0.349*** 
(0.0272) 
0.0576** 


* 


(0.0177) 


0.0137 


(0.0139) 


0.0989** 


* 


(0.0188) 


-0.0362 
(0.0268) 


0.468*** 
(0.0458) 


-0.0292* 


(0.0154) 


0.00913 


(0.267) 
0.0443** 


* 


(0.0122) 


-1.812** 


(0.732) 


1.813 
(2.631) 


* 


(0.00011 
9) 
0.321*** 
(0.0285) 
0.0128* 


(0.00746 


) 
0.0101* 


(0.00566 


) 
0.0585** 


* 


(0.0124) 


-0.0220 
(0.0261) 


0.704*** 
(0.0270) 


0.0240** 
* 
(0.00773 
) 


-0.00358 


(0.205) 
0.0422** 


* 


(0.0110) 


-1.194** 


(0.483) 


0.239 
(2.366) 


(0.00011 
6) 
0.253*** 
(0.0235) 


0.00951* 


2K 


(0.00228 


) 
0.00622 


(0.00586 


) 
0.0287** 


(0.0114) 


-0.0162* 


(0.00878 
) 


0.863*** 
(0.0202) 


-0.00939 


(0.00600 
) 


0.0101 


(0.172) 
0.0282** 


* 


(0.0105) 


-0.653* 


(0.374) 


0.965 
(0.902) 


(8.99e- 
05) 
0.200*** 
(0.0243) 


0.0147* 
xK 
(0.0055 
5) 
0.00296 
(0.0071 
8) 
0.00940 


(0.0087 
1) 
-0.0108 
(0.0077 
5) 


0.972*** 
(0.0091 
3) 


0.00175 


(0.0108) 


0.114% 
(0.0377) 
0.0330* 
xK 
(0.0093 
7) 
-0.414* 
(0.246) 


1.615** 
(0.650) 


Allowance 


Workers 

Year Fixed Yes 

Effect 

pP 0.668*** 0.668*** 0.668*** 0.668*** 
(0.110) (0.110) (0.110) (0.110) 

Observations 7,208 7,208 7,208 7,208 7,208 7,208 7,208 7,208 7,208 


Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels. 


Table A3. Significance tests for regression specification. 


Participation 


0.668*** 
(0.110) 
7,208 


equation 
Coefficients Kendall’s p- 
tau-b value 
Out-of-work income Male -0.276 0.000 
Fema -0.264 0.000 
le 
Income of the spouse Male 0.042 0.000 
Fema 0.124 0.000 
le 
Employment status of the Male 0.299 0.000 
spouse 
Fema 0.418 0.000 
le 


Note: Values of Tau-b range from -1 to +1, a value of zero indicates the absence of association. P-value is the 


significance level for coefficients. The first five variables are instrumental for identifying participation separately 


Dependent 
Variable: 
In(wage) 
ADFI 


ADFI XUrban 


p 


Control 
Variables 
Year Fixed 
Effect 


(1) 
Fixed Effect 


0.00579*** 


(0.00202) 


-0.000337 


(0.000784) 


(2) 
Heckman 
MLE 


0.00463** 


* 


(0.00165) 


-0.000465 


(0.000709 
) 


from wage. 


(3) 
q10 


0.00923** 


K 


(0.00187) 


0.00180** 
x 
(0.000225 
) 
0.568*** 
(0.177) 


(4) 
q20 


0.00656** 


kK 


(0.00155) 


0.00194 
x 
(0.000565 
) 
0.568*** 
(0.177) 

Yes 


Yes 


(5) 
q30 


0.00327** 


* 


(0.00115) 


0.00117** 
* 
(0.000448 
) 
0.568** 
(0.177) 


Table A4. Robustness check results by replacing nominal wage by real wage 


(6) 
q40 


0.00181 


(0.00110 
) 


0.000679 
* 
(0.00035 
6) 
0.568*** 
(0.177) 


q50 


0.000487 


(0.000690 
) 


0.000584* 
* 
(0.000234 
) 
0.568*** 
(0.177) 


Observations 12,705 9,908 


9,908 


9, 


908 


9,908 


9,908 9,908 


Table A5. Robustness check results by OLS, Heckman and IV-Heckman using CLDS 


(1) (2) (5) (6) (7) (8) (9) (10) 
VARIABLES Fixed Heckman IV- q10 q20 q30 q40 q50 
Effect MLE Heckman 
MLE 
ADFI 0.00746*** 0.0225** 0.0306** 0.0244* 0.0156* 0.0114** 0.0239** 0.0239** 
x * x x * 
(0.00219) (0.00790 (0.0120) (0.0112) (0.0092 (0.00373 (0.00587 (0.00724 
) 0) ) ) ) 
ADFI xUrban 0.000205** -0.00125 -0.00392 - - -0.00184 -0.00148 -0.00169 
= 0.00350 0.00381 
(4.22e-05) (0.00120 (0.00569) (0.0029 (0.0027 (0.00205 (0.00197 (0.00243 
) 0) 8) ) ) ) 
p -0.178 -0.178 -0.178 -0.178 -0.178 
(0.149) (0.149) (0.149) (0.149) (0.149) 
Control Yes 
Vriables 
Observations 5,463 1,446 1,446 1,383 1,383 1,383 1,383 1,383 
Note: **x*, **, and * indicate significance at the 1%, 5%, and 10% levels. 
Table A6. Robustness check results by quantile selection regression using CFPS 
(1) (2) (3) (4) (5) (1) (2) (3) (4) (5) 
Dependen q10 q20 q30 q40 q50 q10 q20 q30 q40 q50 
t Variable: 
In(wage) 
Rural sample Urban sample 
ADFI 0.000974* 0.00556** 0.00621** 0.00455** 0.00471** 0.00616 0.00512 0.00677** 0.00542** 0.0049 
x x x * 4* 
(0.000529 (0.000460 (0.00136) (0.000652 (0.000724 (0.00867) (0.00785) (0.00298) (0.00220) (0.0028 
) ) ) ) 9) 
Control Variables Yes 
Year Fixed Effect Yes 
p 0.115 0.115 0.115 0.115 0.115 0.115 -0.487***  -0,4877** - 
0.487**  0.487** 
x * 
(0.0862) (0.0862) (0.0862) (0.0862) (0.0862) (0.0862) (0.137) (0.137) (0.137) (0.137) 
Observati 13,643 13,643 13,643 13,643 13,643 9,669 9,669 9,669 9,669 9,669 
ons 
Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels. 
Table A7. Robustness check results, replacing dependent variable by Wechat use 
(1) (2) (3) (4) (5) 
Dependent q10 q20 q30 q40 q50 
Variable: 
In(wage) 
Wechat use 0.538*** 0.365** 0.220*** 0.107* 0.0157 


(0.127) (0.168) (0.0655) (0.0628) (0.0505) 


Wechat use Xx -0.532** -0.392* -0.305*** -0.206*** -0.141 
Urban 
(0.210) (0.211) (0.0764) (0.0638) (0.129) 
Control Variables Yes 
p 0.528*** 0.528*** 0.528*** 0.528*** 0.528*** 
(0.204) (0.204) (0.204) (0.204) (0.204) 
Observations 3,391 3,391 3,391 3,391 3,391 


Note: **x*, **, and * indicate significance at the 1%, 5%, and 10% levels. 


Section A2: 
This section shows Equation (A1) to (A3): 


|A1)In W;,=8)+B, DFI, ,_,+B,Controls+ e 


|A2) Pr(M,,=1)=a,+a, DFI, , +a, Controls+ € 


|A3|In W= Yot yı DFI, ¢-1+ Ye M+ Y3 Controls+ € 


Eq. (A1) is the baseline regression model, Eq. (A2) and Eq. (A3) are the mediation effect test 
model. M; denotes the two mediating variables of interest: financial investment and participation 


in off-farm work. Other variables remain the same as in section 2 of the main article. 


*Figure legends of the main article: 


Figure 1. Employment rates of rural and urban residents from the year 2010 to 2017. Note: We 
define provinces with an aggregate DFI below the 25th percentile of the overall aggregate DFI as 
low DFI provinces, and those with and aggregate DFI above the 75th percentile as high DFI 
provinces. 


Figure 2. Corrected and uncorrected wage. 


